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ABSTRACT 
A major problem with the analysis and investigation of combustion aerosols in the real-
world environment is related to strong stochastic variations of the external and 
environmental parameters and factors (e.g., atmospheric turbulence, traffic fluctuations, etc.). 
Therefore, this paper develops new powerful statistical methods based on the canonical 
correlation analysis and the moving average technique, applied to combustion aerosols near a 
busy road. As a result, a new physical insight into the evolution of combustion aerosols and 
possible sources of nano-particle modes is presented and discussed. Several new particle 
modes are identified, analysed and associated either with trucks or cars on the road. In 
particular, liquid and solid particle modes are identified, and the mechanism of thermal 
fragmentation of solid nano-particles is used for the interpretation of the obtained results.  
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Recently, increasingly convincing evidence appear that fine and ultra-fine aerosol 
particles (within the ranges < 1 μm and < 0.1 μm, respectively) emitted from combustion 
sources may present significant health risks for humans in the urban environment (Schwartz 
et al, 1996, Stone et al, 2000, Brown et al 2000). Since busy roads are the main source of 
such particles (Shi et al, 1999), major theoretical and experimental efforts have been 
concentrated on the analysis of dispersion and evolution of fine and ultra-fine particle 
aerosols from vehicles on roads (Shi et al, 1999, Hitchins et al, 2000, Zhu et al, 2002, 
Gramotnev et al, 2003, Gramotnev and Ristovski, 2004, Gramotnev and Gramotnev, 
2005a,b, Davison et al, 2006). Attempts were also made to investigate particle modes from 
vehicle exhaust under laboratory conditions, using hot dilution and thermodesorption for 
separating volatile and solid components in the aerosol (Bagley et al, 1996, Abdul-Khalek et 
al, 1998, Sakurai et al, 2003, Fiertz and Burtscher, 2003).  
Zhu et al (2002) and Gramotnev and Ristovski (2004) demonstrated that significant 
transformation of particle modes may occur near a busy road. This could hardly be explained 
using the known mechanisms of aerosol evolution, such as particle formation, coagulation, 
condensation/evaporation and deposition (Gramotnev and Gramotnev, 2005a, Davison et al, 
2006). Therefore, a new major mechanism of aerosol evolution, based on intensive thermal 
fragmentation of nano-particles, was developed (Gramotnev and Gramotnev, 2005a). A 
complex evolution pattern was suggested, including several stages such as formation of solid 
and liquid nano-particles inside and near the exhaust pipe, their coagulation near the exhaust 
pipe by means of condensed volatile molecules, evaporation of volatile compounds from the 
surface of solid particles as the aerosol is transported away from the road, loss of bonding 
between coagulated nano-particles due to evaporation of bonding volatile molecules and, 
finally, thermal fragmentation of nano-particles (Gramotnev and Gramotnev, 2005a). 
Numerous experimental evidence supporting this evolution model were presented, including 
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substantial transformation of particle modes and their shift towards smaller particle size 
(Gramotnev and Ristovski, 2004, Gramotnev and Gramotnev, 2005a), observation of a 
maximum of the total number concentration at an optimal distance from the road 
(Gramotnev and Ristovski, 2004, Gramotnev and Gramotnev, 2005a,b, Davison et al, 2006), 
observations of strong modes that would be expected as a result of fragmentation 
(Gramotnev and Gramotnev, 2005a), etc.  
A new method of statistical analysis of particle modes in combustion aerosols near a 
busy road was developed based on the moving average correlation coefficients between 
neighbouring channels in the particle size distribution (Gramotnev and Gramotnev, 2005a). 
This method allows determination and analysis of particle modes in the presence of strong 
turbulent mixing, even if these modes are not directly seen (as distinct maxima) on the size 
distribution. However, detailed statistical analysis of these modes and their relationship to 
meteorological and traffic parameters, determination of their possible sources and origins 
have not been done so far. At the same time, these questions are important for the detailed 
understanding of fundamentals of aerosol evolution, accurate forecast of aerosol pollution 
levels, and reduction of the impact of transport emissions on human health and environment.  
Therefore, the aim of this paper is to develop and use new statistical approaches for 
the detailed analysis of modes of the particle size distribution near a busy road, including 
their possible sources, mutual transformations, correlations with atmospheric and 
meteorological parameters. This will be done by the extension of the previously developed 
method based on the moving average technique (Gramotnev & Gramotnev, 2005a) to the 
multi-variate canonical correlation analysis. In particular, modes resulting primarily from 
heavy diesel trucks and cars will be identified, the dependence of these modes on 
temperature, humidity and solar radiation will be analysed.  
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2. Experimental data and particle modes 
The development of the new statistical methods and their application for the analysis 
of particle modes will be conducted on the basis of the experimental data previously 
discussed in (Gramotnev and Gramotnev, 2005a). The data were obtained during the field 
campaign on 25 November 2002 near Gateway Motorway, Brisbane, Australia. The particle 
size distributions were measured by means of a scanning mobility particle sizer (SMPS-
3936) and a condensation particle counter (CPC-3025). 50 scans were taken during ~ 3 hours 
of measurements at the distance of L ≈ 40 m from the centre of the road, within the range of 
particle diameters from 4.6 nm to 163 nm in 100 equal intervals (channels) of Δlog(Dp), 
where Dp is the particle diameter in nanometres (Gramotnev and Gramotnev, 2005a). The 
time for one full scan was 2.5 minutes, with a 1 min down-scan. The width of the Motorway 
was ≈ 27 m, and its elevation above the surrounding area was ≈ 2 m.  
Traffic was recorded on a video camera and subdivided into two groups: heavy-duty 
trucks and cars (the car group included gasoline cars, diesel cars and light trucks). Numbers 
of vehicles in each of these two groups were determined within the 2.5 min intervals by 
means of direct counting from the video tape. The beginning of each of the 2.5 min intervals 
was taken L/vn seconds earlier than the beginning of the corresponding scan; vn is the one-
hour average normal component of the wind. Thus we took into account average time delays 
associated with the aerosol transport from the road to the point of monitoring.  
Wind speed, wind direction, temperature, humidity, and solar radiation were 
measured every 20 seconds by a automatic weather station at the same distance from the 
road. In the paper by Gramotnev and Gramotnev (2005a), the two sets of scans (out of the 
overall 50 scans) from 1 to 11 and from 19 to 38 were chosen, because those sets 
corresponded to approximately constant (but noticeably different) one-hour average normal 
wind components. In this paper, we will choose different sets of scans from 6 to 16 (11 
scans) and from 28 to 43 (16 scans) – Table 1. This is because of the following reasons. 
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First, the new sets still correspond to approximately constant (but distinctly different) one-
hour average normal wind components – see Fig. 2 from (Gramotnev and Gramotnev, 
2005a). Second, the recorded traffic conditions are available for each of the scans from the 
new sets, which allows correlation analysis between particle modes and traffic conditions.  
Note that significantly different average normal wind components for the two 
selected sets (Table 1) correspond to significantly different times that it takes for the aerosol 
to be transported from the road to the point of observation. The aerosol transportation time 
for the first set of 11 scans is ≈ 16 s smaller than for the second set. As a result, the two sets 
correspond to two different stages of the aerosol evolution.  
The average size distributions were plotted using the moving average technique for 
each of the two sets of 11 and 16 scans – Fig. 1. The concentrations in every channel in each 
scan were normalised to the total number concentration in the scan. Then we choose an 
interval of 5 neighbouring channels (out of the 100 channels) and average the normalised 
particle concentrations over these 5 channels and over all the scans within the considered set 
of 11 or 16 scans. Thus we obtain the average particle concentration – one point on the size 
distribution. Then we choose another interval of 5 neighbouring channels and repeat the 
procedure, obtaining another point on the size distribution. Repeating this procedure for all 
96 different 5-channel intervals, we obtain the moving average particle size distributions for 
the sets of 11 and 16 scans (Fig. 1). The errors associated with these distributions are 
obtained by calculating the errors of the mean for each of the 96 average concentrations.  
The 5-channel moving interval was chosen as a compromise between the errors of the 
mean (which increase with decreasing number of channels in the interval) and the resolution 
of the features of the size distribution (which decreases with increasing number of channels 
in the interval). An optimal number of channels within the moving interval should be chosen 
specifically for each experimental data set.  
 6
Though the moving average technique is highly efficient in revealing features of 
particle size distributions, it is nevertheless difficult to use the resultant distributions (Fig. 1) 
for the direct identification and investigation of particle modes, their interactions, evolution, 
major tendencies and correlations, and possible sources. Therefore, the statistical method 
based on the moving average correlation coefficient (Gramotnev and Gramotnev, 2005a) 
should rather be used. In this method, particle concentrations in each of the 100 channels in 
every scan are again normalized to the total number concentration in this scan. Then we 
choose an interval of 7 neighbouring channels out of the 100 channels in a scan. The number 
of channels within this interval was again determined as a compromise between the mode 
resolution and statistical errors (Gramotnev and Gramotnev, 2005a). Simple correlations 
between normalised particle concentrations in all possible pairs of different channels from 
the selected 7-channel interval are determined for the sets of 11 or 16 scans, and then the 
average correlation coefficient is calculated. Considering all possible different 7-channel 
intervals, the moving average correlation coefficient is plotted versus particle diameter (for 
more detailed description of this procedure see (Gramotnev and Gramotnev, 2005a)).  
The resultant dependencies of the moving average correlation coefficient on particle 
diameter, together with their errors of the mean, are presented in Figs. 2a,b for the two sets 
of 11 and 16 scans, respectively. As discussed in (Gramotnev and Gramotnev, 2005a), it is 
reasonable to redefine particle modes as groups of particles with similar diameters, 
corresponding to maxima of the moving average correlation coefficient. This is because 
particle concentrations in different channels within each of these maxima tend to 
increase/decrease in strong (maximal) correlation with each other, and this is an indication 
that these particles are likely to come from the same source and/or have the same 
physical/chemical nature.  
The presented dependencies in Figs. 2a,b appear to be somewhat different from those 
considered in (Gramotnev and Gramotnev, 2005a) and reproduced in Fig. 3a,b, though the 
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major features and modes remain the same. These differences are due to the different choice 
of the sets of scans and the resultant differences in the one hour average normal wind 
components, which is equivalent to slightly different stages of the aerosol evolution. For 
example, the ~ 7 and ~ 12 nm mode (Fig. 3b) are noticeably stronger and have smaller 
statistical errors of the correlation coefficient, than the same modes in Fig. 2b. The existence 
of these modes was explained by means of intensive thermal fragmentation of larger 
particles, resulting in generation of a large number of particles with the diameters of ~ 6 – 8 
nm and ~ 10 – 13 nm (Gramotnev and Gramotnev, 2005a). Fig. 2b corresponds to the larger 
(by ≈ 0.25 m/s) one hour average normal wind component (Table 1). Therefore, Fig. 2b 
corresponds to ≈ 13 s earlier stage of aerosol evolution than Fig. 3b. Thus the ~ 7 and ~ 12 
nm modes in Fig. 2b did not have sufficient time to properly develop, and are characterized 
by smaller moving average correlation coefficient with larger errors. Fig. 2b is intermediate 
between Fig. 3a and Fig. 3b.  
The correlation maximums at ~ 6 – 7 nm diameter in Figs. 2a and 3a are unrelated to 
thermal fragmentation, because, as it will be demonstrated in the next section, particles 
causing these maximums are mostly volatile. They rapidly evaporate during the aerosol 
evolution, and do not exist in Figs. 2b and 3b. The evaporation process may also be 
responsible for shifting the maximum from ~ 6 – 7 nm in Fig. 2a to ~ 5 – 6 nm in Fig. 3a, 
because Fig. 3a corresponds to ~ 3 s later stage of the evolution than Fig. 2a.  
 
3. Moving average approach and the canonical correlation analysis 
In this section, we extend the developed moving average approach to the case of 
canonical correlation analysis of particle modes and their dependence of traffic and 
meteorological parameters.  
Canonical correlation analysis determines correlations between two groups A and B 
of variables, when the variables in each of the groups may depend on each other (Dillon and 
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Goldstein, 1984, Johnson and Wichern, 2002). A significant advantage of this method is that 
it can determine the effect of each of the mutually dependent parameters from a group B 
(e.g., traffic and/or meteorological parameters) on some variable(s) from another group of 
variables A (e.g., particle concentrations in different modes or channels).  
Canonical correlation analysis gives three major output parameters: correlation 
coefficients between specially determined linear combinations of variables from group A 
with linear combinations of variables from group B, canonical weights that are the 
coefficients in these linear combinations, and canonical loadings that are the simple 
correlation coefficients between a variable from one of the groups and the considered linear 
combination containing this variable (Dillon and Goldstein, 1984, Johnson and Wichern, 
2002).  
The canonical correlation coefficient R is a measure of strength of the association 
between the two groups of variables. For example, suppose that group A contains only one 
variable (e.g., concentration in one of the particle modes) and group B contains traffic and 
meteorological parameters. Then R2 determines the strength of correlation between the mode 
concentration and the mentioned traffic and meteorological parameters. If R2 = 1, then the 
mode concentration depends only on the parameters from group B. If however R2 < 1, then 
the mode concentration depends on some other factors that are not included in group B. That 
is, usually, the larger the coefficient R, the larger the contribution of the parameters from 
group B to variations of the mode concentration.  
Canonical weights determine the contributions of the corresponding variables from 
one of the groups of variables to the variance (i.e., variation) of the linear combination of the 
other group of variables (Dillon and Goldstein, 1984, Johnson and Wichern, 2002). In the 
above example, if the canonical weight, i.e., the coefficient in front of a variable from group 
B, is large and positive, then increasing/decreasing this variable results in a significant 
increase/decrease of the mode concentration.  
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Finally, canonical loadings may be used to assess stability of the obtained 
correlations and relationships. For example, if the canonical loading corresponding to a 
variable from group B, and the corresponding canonical weight have different signs, then the 
correlation is not stable, i.e., the obtained weight cannot be used for the above interpretation. 
For more detailed mathematical description of the canonical correlation analysis see (Dillon 
and Goldstein, 1984, Johnson and Wichern, 2002).  
The canonical correlation coefficient R is actually the correlation coefficient for the 
first canonical variates, and it should have been denoted as R1 (Dillon and Goldstein, 1984, 
Johnson and Wichern, 2002). However, the correlation coefficient for the second canonical 
variates R2 << R1 for all cases considered below. Therefore, correlations for the second and 
higher variates can be neglected (Dillon and Goldstein, 1984, Johnson and Wichern, 2002). 
Therefore, we omit the index 1 in the correlation coefficient for the first variates, denoting it 
by R.  
In order to use the canonical correlation analysis for the investigation of particle 
modes and their sources, the counted numbers of heavy-duty trucks and light cars 
corresponding to each of the scans from the two selected sets of scans (Section 2) are 
included in group B of variables. For each of the scans, we determine the average 
temperature, humidity, and solar radiation and also include them in group B. Wind speed and 
direction are not included into group B, because increasing number of parameters involved 
(in this case up to 7) results in reduction of levels of confidence of the obtained results 
(Dillon & Goldstein, 1984). Instead, we choose the sets of scans for which wind speed and 
direction are approximately constant (see above). Group A is assumed to include only one 
variable – particle concentration in a channel that we want to investigate.  
To apply the moving average approach to the canonical correlation analysis, we 
choose an interval of 7 neighbouring channels out of the overall 100 channels in one scan. 
As usually, the number of channels within one interval is chosen so that to achieve a 
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reasonable compromise between the statistical errors and sufficient resolution of the major 
features (particle modes) on the resultant distributions. Consider, for example, the first set of 
11 scans (the analysis for the second set of 16 scans is the same). Each of the selected 7 
neighbouring channels corresponds to a column of 11 different concentrations from the 11 
scans. As previously, every such concentration is normalised to the total number 
concentration in the respective scan (in order to eliminate trivial correlations associated with 
changing total number concentration).  
Each scan corresponds to particular numbers of heavy-duty trucks and cars (Section 
2), and the average (over the scan time) meteorological parameters: temperature, humidity 
and solar radiation. We take one channel out of the selected 7-channel interval. This channel 
corresponds to a column of 11 different concentrations corresponding to 11 different scans. 
Canonical correlations between this concentration column (one variable in group A), and the 
columns with the numbers of trucks and cars and the corresponding meteorological 
parameters (group B) are calculated. As a result we determine the canonical correlation 
coefficient R, canonical weights and loadings (for example, for the numbers of trucks and 
cars). The procedure is then repeated for the remaining 6 channels from the selected 7-
channel interval. Taking the average over the 7 channels, we obtain the average canonical 
correlation coefficient, canonical weights and loadings for the considered 7 channel interval. 
The procedure is then repeated for all 94 possible different 7-channel intervals (out of 
the 100 channels in each scan), and thus 94 different canonical correlation coefficients, 
weights and loadings are found. As a result, we obtain moving average canonical correlation 
coefficients, weights and loadings as functions of particle diameter that is taken as the 
diameter for the middle channel for each of the 7-channel intervals.  
Similar dependencies of the moving average correlation coefficient, weights and 
loadings can also be obtained by means of an alternative statistical procedure. Instead of 
calculating the average canonical correlations within each of the 7-channel intervals, we 
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rearrange the 7 columns with 11 different concentrations (for the set of 11 scans) into one 
column by placing the 7 columns one on top of another (Gramotnev & Gramotnev, 2005a). 
The order in which these 7 columns are placed on top of each other does not matter. The 
resultant big column will have 77 different concentration values. The column with 11 
different numbers of trucks on the road (corresponding to each of the 11 scans) is then 
periodically repeated 7 times, resulting in another extended column with 77 numbers of 
trucks in it (each of the 7 “sub-columns” of this column being identical). The same is done 
for the corresponding columns with the car numbers on the road, average (over the scan 
time) temperature, humidity, and solar radiation. Then the canonical correlations between the 
concentration column with the 77 elements (group A with just one variable) and the other 5 
similar columns for the truck and car numbers, temperature, humidity and solar radiation 
(group B with 5 variables) are calculated, resulting in the canonical correlation coefficient, 
canonical weights and loadings for all the 5 variables from group B.  
The same procedure is repeated for all other 94 different 7-channel intervals, and the 
moving average canonical correlation coefficient, weights and loadings on particle diameter 
are obtained. This diameter is again taken to equal the diameter for the central channel of the 
considered 7-channel interval. The same procedure is done for the other set of 16 scans (each 
of the extended columns containing 112 elements).  
The two procedures are somewhat complementary. For example, the direct 
determination of levels of confidence of canonical correlations in the first procedure is 
difficult, whereas this can easily be done in the second procedure by means of the usual 
methods of the canonical correlation analysis (Dillon and Goldstein, 1984, Johnson and 
Wichern, 2002). On the other hand, errors of weights are difficult to find in the second 
procedure, whereas the first approach immediately provides them as the errors of the mean.  
All the data was standardised to enable quantitative conclusions and comparisons of 
the canonical weights and loadings (Dillon & Goldstein, 1984, Johnson & Wichern, 2002).  
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Both the approaches are also applicable for the determination of simple moving 
average correlation coefficients, for example, between particle concentration in a particular 
channel and the number of trucks, or cars, etc.  
 
4. Sources of particle modes.  
The dependencies of the moving average simple correlation coefficients between the 
particle concentrations in different channels on the one hand, and the numbers of trucks and 
cars for the considered two sets of scans on the other, are presented in Figs. 4a,b. The dotted 
and solid horizontal lines represent the 80% and 95% levels of confidence, respectively.  
One of the main aspects of Figs. 4a,b is that particles with different diameters are 
characterised by substantially different simple correlations with numbers of cars and trucks 
on the road. Therefore, this statistical approach may be highly effective in determining which 
particles originate predominantly from cars and from trucks. The second important aspect of 
Figs. 4a,b is that the considered correlations drastically change with changing evolution time 
by ≈ 16 s (compare Figs. 4a and 4b). This is a clear indication of rapid evolution processes 
(e.g., evaporation and thermal fragmentation (Gramotnev and Gramotnev, 2005a)) in 
combustion aerosols. The proposed statistical approaches can thus be used for the 
investigation of these processes.  
For example, Fig. 4a suggests that at earlier stages of aerosol evolution (~ 24 s after 
the emission) there may be an association between the particles with the diameters ~ 14, 25, 
40, 90 nm and cars (curve 2 in Fig. 4a), and between particles with the diameters ~ 6, 55 nm, 
≳ 110 nm and trucks (curve 1 in Fig. 4a). However, 16 s later (Fig. 4b), these associations 
have significantly changed. For example, strong positive correlations with trucks for the ~ 6 
nm and ~ 120 nm particles for the first set of scans (Fig. 4a) drastically change to negative 
correlations for the second set of scans (that on average corresponds to the ≈ 16 s later stage 
of evolution). This suggests that the maximum of the solid curve in Fig. 2a at ~ 6 – 7 nm is 
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likely to be due to volatile particles that simply evaporate within the 16 s of evolution 
between Figs. 4a and 4b. This confirms the discussion in the last paragraph of Section 2. 
This may also be the reason for increased correlations of particles with < 6 nm diameters 
with cars (Fig. 4b). More justification that the 6 – 7 nm mode in Fig. 2a is volatile is 
provided below by the canonical correlation analysis.  
At the same time, using just simple correlations for the determination of possible 
sources of different types of particles and their mutual transformation/evolution may not be 
reliable. Indeed, only small sections of the curves in Figs. 4a,b lie beyond the 95% level of 
confidence. The other problem is that simple correlations establish relationships only 
between two variables (e.g., particle concentration and number of trucks). At the same time, 
these correlations may be significantly affected by some other parameters (e.g., number of 
cars and meteorological parameters), variations of which may introduce significant errors 
into the resultant simple correlation coefficients. Therefore, simple correlation analysis is not 
reliable for real-world problems with numerous independent (and dependent) parameters.  
As mentioned in Section 3, the canonical correlation analysis establishes correlations 
between groups of mutually independent or dependent parameters, which gives more 
accurate and reliable predictions with significantly higher levels of confidence. Thus, though 
Figs. 4a,b may suggest some interesting tendencies and results, these must be verified by the 
canonical correlation analysis involving the determination of correlations between particle 
concentrations on the one hand (group A), and traffic and meteorological parameters on the 
other (group B). Here, we will mainly use the second procedure described in Section 3 with 
extended columns of the normalised particle concentrations, and the first procedure will only 
be used for estimating statistical errors of canonical weights.  
Five parameters affecting particle concentration are considered: numbers of trucks 
and cars, corresponding to each scan, and average (over each scan) temperature, humidity 
and solar radiation. For example, the procedure described in Section 3 was used for the 
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determination of the dependencies of the moving average canonical correlation coefficient 
on particle diameter for the set of 11 scans (thick solid curve in Fig. 5a) and for the set of 16 
scans (thick solid curve in Fig. 5b).  
Figs. 5a,b demonstrate that the canonical correlation analysis substantially improves 
the levels of confidence of the obtained results. Indeed, almost the entire curves lie beyond 
the lines corresponding to the 95% level of confidence. This is an indications that the 
obtained results are more reliable. Only within a few relatively small regions the level of 
confidence is below 95% (Figs. 5a,b), and this is an indication that within these regions the 
canonical correlation analysis is not reliable.  
Figs. 5a,b demonstrate that the canonical correlations strongly depend on particle 
diameter. Numerous maximums of the correlation coefficient may provide important 
information about the nature and evolution of nano-particles in the aerosol. For example, if 
one of the parameters is removed from group B, and the corresponding moving average 
correlation coefficient significantly decreases for some particular particle diameters, then this 
is an indication that this missing parameter has a significant impact on the particle 
concentration at these diameters. For example, curves 1 in Figs. 5a,b correspond to group B 
without the number of trucks on the road. Not including truck number in group B has a 
significant effect on correlations within the particle diameters ~ 6 – 7 nm and ~ 11 nm in Fig. 
5a. Therefore, it is possible to conclude that the corresponding particle modes in this set of 
scans (Fig. 2a), i.e., ~ 24 s after the emission, are more likely to be associated with trucks 
rather than cars. At the same time, particles with the diameters between ~ 20 nm and ~ 28 
nm, and between ~ 60 nm and ~ 110 nm are more related to cars than to trucks – see curve 2 
in Fig. 5a (although particles around ~ 90 nm also show an association with trucks). The 
effect of solar radiation is most noticeable for particles between ~ 9 nm and ~ 50 nm (curve 3 
in Fig. 5a).  
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For the second set of 16 scans (~ 16 s later), the situation significantly changes. The 
most noticeable aspect is the strong dependence of the particles between ~ 5 nm and ~ 10 nm 
on number of cars, which was completely different for the set of 11 scans. This suggests that 
something has happened within the ~ 16 s of evolution between the two sets of scans, which 
has led to the drastic increase of the correlation of small particles with cars (see also for other 
significant differences between Figs. 5a and 5b).  
This analysis, however, gives only qualitative information about the importance of 
the contribution of different parameters to variations of particle concentrations in different 
channels. In order to obtain quantitative information, including signs of correlations, we need 
to consider canonical weights (see Section 3). The dependencies of the moving average 
canonical weights and loadings for trucks and cars on particle diameter for the sets of 11 and 
16 scans are presented in Figs. 6a,b and Figs. 7a,b.  
It can be seen that these dependencies have notable similarities with the dependencies 
of the simple correlation coefficients in Figs. 4a,b. However, the canonical weights and 
loadings in Figs. 6a,b and 7a,b provide more reliable information about ranges of particles 
where the determined tendencies can be trusted. For example, for the first set (evolution time 
of ~ 24 s), for particles with the diameters < 8 nm, both canonical weights and loadings for 
trucks (solid and dotted curves in Fig. 6a) have the same positive signs. This is an indication 
that the corresponding correlations are likely to be stable (Dillon and Goldstein, 1984, 
Johnson and Wichern, 2002), and increasing number of trucks results in increasing number 
of particles within the range < 8 nm. On the contrary, the weights and loadings for cars (solid 
and dashed curves in Fig. 7a) both have negative signs within the range of particle diameters 
between ~ 5 nm and ~ 8 nm. Therefore, the corresponding correlations are again likely to be 
stable, and increasing number of cars results in decreasing particle concentration within this 
range. This could be explained by the fact that increasing number of cars on the road should 
automatically results in decreasing number of trucks (due to limited traffic flow), thus 
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causing particle concentrations to drop, if their main source is heavy trucks. This expectation 
is confirmed by consistent negative correlations between the numbers of cars and trucks on 
the road for each of the two sets of scans. The overall correlation coefficient between the 
numbers of cars and trucks on the road (for the two sets of scans) is – 0.25 with the 80% 
level of confidence.  
Another reason for the opposite signs of traffic correlations for modes related to cars 
and trucks is due to the normalisation procedure. If, for example, we consider a mode that is 
predominantly related to cars, and the number of trucks changes, then there will be additional 
negative correlations (due to normalisation) of the considered mode with trucks, because 
increasing number of trucks will result in increasing total number concentration. This, in 
turn, will lead to decreasing relative concentration in the mode that is predominantly related 
to cars. It is important to note that this effect is rather beneficial because it allows enhanced 
distinguishing between modes coming from different sources (different types of vehicles). 
Thus, according to the statistical evidence obtained from the three different methods 
(Figs. 4a, 5a, and 6a), the ~ 6 – 7 nm mode in Fig. 2a (the first set of scans) is very likely to 
be associated with heavy-duty trucks. The comparison of Figs. 6a and 6b also shows that the 
large positive maxima of canonical weights and loadings for trucks at ~ 5 – 7 nm (Fig. 6a) 
have drastically dropped into strong negative minima in just ≈16 s of evolution (Fig. 6b). 
These maxima in Fig. 6a do not seem to move to the right, but rather disappear in Fig. 6b 
(shift to the left beyond the detectable range). This is an indication that these particles are 
mostly volatile, and they simply evaporate within the 16 s of evolution between Figs. 6a and 
6b. Thus, as has been mentioned in (Gramotnev and Gramotnev, 2005a) and during the 
discussion of Fig. 4a,b, the ~ 6 – 7 nm mode in Fig. 2a and ~ 5 – 6 nm mode in Fig. 3a are 
likely to be formed of liquid particles that are related to heavy-duty trucks on the road. These 
volatile particles disappear in Figs. 3b and 2b due to their evaporation, leaving solid particles 
 17
resulting from fragmentation of larger particles and from shrinking 8 – 10 nm particles due 
to evaporation of their volatile shells (Gramotnev and Gramotnev, 2005a).  
The ~ 10 – 14 nm modes in the first set of scans (Fig. 2a) seem to be more associated 
with cars rather than trucks (Figs. 6a and 7a). Indeed, the canonical weights and loadings for 
cars are both positive (Fig. 7a), while for trucks they are both negative (Fig. 6a).  
The canonical weights and loadings for cars are both positive for particles within the 
range from ~ 22 to ~ 40 nm (Fig. 7a), while the truck weights and loadings are both negative 
(Fig. 6a). Therefore, the 40 nm mode (Fig. 2a) has a tendency to be associated with cars (see 
also Fig. 4a). There is a clear and strong association of particles with larger diameters ≳ 120 
nm with diesel trucks – the corresponding weights and loadings are large and positive (Fig. 
6a), while the weights and loading for cars are both negative (Fig. 7a). For particles with 
other diameters the results and tendencies are not as conclusive, because the canonical 
weights and loadings are either of different signs, or close to zero, or the corresponding 
canonical correlation coefficient does not give sufficient level of confidence (Fig. 5a).  
This correlation pattern is likely to be typical for the stage preceding particle 
fragmentation, because the volatile liquid shells have not yet evaporated from the solid 
particles, and bonding between coagulated particles (caused by the volatile molecules) is still 
strong (Gramotnev and Gramotnev, 2005a). The next 16 s of the aerosol evolution result in 
substantial changes of the correlation pattern – Figs. 6b and 7b. For example, the major 
differences between Figs. 6a and 6b is the disappearance of the volatile ~ 6 – 7 nm mode and 
the substantial alterations of the weights and loadings within the range > 70 nm.  
Fig. 7b also demonstrates interesting results. First, the smallest registered particles at 
~ 5 nm are associated with cars – see the positive weights and loadings for cars (Fig. 7b) and 
negative weights and loadings for trucks (Fig. 6b). The second region is between ~ 7 nm and 
~ 9 nm, where canonical weights and loadings for cars are large and negative (Fig. 7b), and 
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the weights and loadings for trucks are positive (Fig. 6b). This is an indication that these 
particles are more related to trucks (see also Fig. 4b and curve 2 in Fig. 5b). 
The ~ 10 – 13 nm particles are negatively correlated with both cars and trucks, 
whereas the particles between ~ 17 nm and ~ 23 nm are correlated positively with cars and 
trucks (Figs. 6b and 7b). Surprisingly, this could be explained by the fragmentation 
mechanism of aerosol evolution. Indeed, as has been mentioned in the discussion of Fig. 2b 
and Fig. 3b (see also (Gramotnev and Gramotnev, 2005a)), the ~ 10 – 13 nm particles at the 
considered evolution time and conditions are likely to result from thermal fragmentation of 
larger particles. Fragmentation may only occur when volatile bonding molecules effectively 
evaporate, resulting in weakening bonds between the coagulated particles, eventually leading 
to their fragmentation (Gramotnev and Gramotnev, 2005a). Evaporation of volatile 
molecules may only occur if the concentration of these molecules in the ambient air is below 
the concentration in the saturated vapour. On the other hand, increasing traffic flow (i.e., 
numbers of cars and trucks on the road) results in increasing concentration of volatile 
compounds in the air. As a result, increasing traffic flow may decrease fragmentation rate 
and number of particles generated by fragmentation. Because ~ 10 – 13 nm particles in the 
second set of scans are assumed to be generated by fragmentation of larger particles, e.g. ~ 
20 nm particles (Gramotnev and Gramotnev, 2005a), concentrations of the ~ 10 – 13 nm 
particles may decrease with increasing numbers of cars and trucks, leading to negative 
correlations with both (Figs. 6b and 7b). Similarly, because fragmentation of ~ 17 nm – 23 
nm particles is expected to slow down with increasing numbers of cars and trucks, 
concentrations of these particles should be correlated positively with both cars and trucks on 
the road. Similar situation might happen to the ~ 100 nm particles that are also positively 
correlated with cars and trucks.  
The mechanism of partial suppression of fragmentation by increased traffic flow 
should also affect the ~ 7 nm mode that also results from fragmentation (Gramotnev and 
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Gramotnev, 2005a). As a result, particles with ~ 6 – 7 nm diameter in Figs. 6b and 7b are 
characterised by strong negative correlations with both cars and trucks on the road. Similar 
situation possibly occurs for particles within the range between ~ 30 nm and ~ 40 nm in Figs. 
6b and 7b. This may also be the reason for exceptionally large negative correlations with 
number of cars, and insufficiently strong positive correlation with number of trucks in the 
range between ~ 8 nm and ~ 10 nm (Fig. 7b). 
The presented interpretation is likely to be a key reason for observing condensation, 
rather than fragmentation, at the same distances from the road in (Zhang, et al, 2005) – in 
that paper the traffic flow was ~ 5 times larger than in our experiments.  
 
5. Meteorological parameters.  
The canonical correlation analysis was conducted for group B of 5 variables 
including numbers of cars and trucks on the road, and average (over the scan time) 
temperature, humidity and solar radiation. Therefore, this analysis automatically provided 
canonical weights and loadings for temperature, humidity and solar radiation for all particle 
diameters.  
However, it was shown that for both the sets of 11 and 16 scans correlations of 
particle modes with humidity are usually unstable. One of the reasons for this is related to 
significant dependence of humidity on traffic, which may lead to non-linear relationships. 
For example, traffic-induced fluctuations of humidity at the distance of ~ 40 m from the road 
were measured to be of the order of a few percent.  
The dependencies of the moving average canonical weights and loadings for 
temperature on particle diameter are presented in Figs. 8a,b. Same signs of canonical weights 
and loadings in wide ranges of particle diameters (Fig. 8a,b) indicate that the temperature 
correlations within these ranges are likely to be stable. An important feature of these 
dependencies is the strong differences between the correlations for the two considered sets of 
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scans. This means that just 16 s of evolution (between Figs. 8a and 8b) have resulted in a 
significant alteration of the temperature correlations. For example, particles in the broad 
range ~ 8 – 20 nm (the ~ 13 nm mode) for the second set of scans are characterised by 
positive correlations with temperature (Fig. 8b). This means that increasing temperature 
results in increasing number of particles in this range. On the contrary, particles within the 
ranges ~ 20 – 80 nm and > 100 nm are negatively correlated with temperature (Fig. 8b), i.e. 
increasing temperature results in decreasing concentration of these particles. This behaviour 
is again in agreement with the fragmentation mechanism of aerosol evolution. Particles from 
the ~ 8 – 20 nm range are expected to be generated by fragmentation of larger particles. At 
the same time, thermal fragmentation should strongly depend on temperature – its rate 
exponentially increasing with increasing temperature (Gramotnev and Gramotnev, 
submitted). This may be the reason for strong positive correlations for particles resulting 
from fragmentation and strong negative temperature correlations for fragmenting larger 
particles (Fig. 8b). 
The strong and stable negative correlations with temperature for very small ~ 5 – 6 
nm particles for both the sets of scans (i.e., at both the stages of aerosol evolution) are not 
clear at this stage. Further investigation is also needed for understanding of the temperature 
dependence of the correlations in the range ~ 80 – 100 nm (Fig. 8b) and the temperature 
correlations for the first set of scans (Fig. 8a). It is interesting that the weights and loading 
for solar radiation (Fig. 9a,b) tend to have similar features (compare curves in Figs. 8a and 
9a). These similarities may suggest the existence of processes that are similarly related to 
temperature and solar radiation.  
For the second set of scans correlations with solar radiation (Fig. 9b) for the ~ 9 – 17 
nm particles are positive and stable (similar to those in Fig. 8b), while for the larger ~ 20 – 
30 nm and > 100 nm particles they are mainly negative. This is again in agreement with 
fragmentation of larger particles into smaller particles from the range ~ 9 – 17 nm. This 
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process may intensify (e.g., due to heating and/or photochemical effects) with increasing 
solar radiation, resulting in increased concentration of smaller particles (positive 
correlations) and decreased concentration of larger particles (negative correlations).  
These results are generally in agreement with those from Section 4. Partial overlap of 
the maximums in Fig. 6b and 8b between ~ 17 nm and ~ 20 nm, indicating opposite 
tendencies in terms of fragmentation, is not of a significant concern. Firstly, this overlap 
interval is small. Secondly, the temperature correlations may be affected by additional effects 
associated with dependence of temperature on traffic (which, similar to humidity, may result 
in non-linear relationships and additional errors). In this regard, it is important that the 
correlations with solar radiation (that is obviously traffic-independent) do not display similar 
contradictions (compare Figs. 6b and 9b).  
 
6. Conclusions 
In this paper, new statistical methods of analysis of nano-particle aerosols, based on 
the moving average approach and canonical correlation analysis have been developed and 
applied for the investigation of particle modes and their possible sources in combustion 
aerosols near a busy road. These methods enabled detailed investigation of contribution of 
different environmental and meteorological factors and processes to evolution of combustion 
aerosols. Several particle modes were identified to originate predominantly from cars and 
heavy diesel trucks. In particular, a new mode of small volatile nano-particles associated 
with diesel trucks was found and investigated. Fast evolutionary processes in combustion 
aerosols were demonstrated, analysed, and interpreted on the basis of the fragmentation 
model of aerosol evolution. Strong dependence of particle concentrations in different 
channels on ambient temperature and solar radiation was demonstrated, revealing new 
evidence supporting the fragmentation mechanism of nano-particle transformation. The 
results will be important for the development of effective practical measures for reduction of 
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human exposure to nano-particle aerosols and development of new strategies for reduction of 
the impact of modern transport on the environment.  
The developed approaches are directly applicable not only to the combustion aerosols 
near busy roads, but also to any other type of anthropogenic and natural aerosol, for which 
the determination of possible sources of different particle modes and investigation of 
evolution processes are important.  
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 FIGURE CAPTIONS 
Fig. 1. Particle size distributions and their errors of the mean for the first set of 11 
scans (light band) and the second set of 16 scans (dark band), obtained using the moving 
average technique, and normalised to the total number concentrations in each of the scans.  
Fig. 2. The dependencies of the moving average correlation coefficient, R, between 
the particle concentrations in neighbouring channels on particle diameter; the bands 
represent the associated standard errors of the mean. The moving average correlation 
coefficients are calculated over (a) the first set of 11 scans (scans from 6 to 16); (b) the 
second set of 16 scans (scans from 28 to 43).  
Fig. 3. The dependencies of the moving average correlation coefficient, R, between 
the particle concentrations in neighbouring channels on particle diameter with their standard 
errors of the mean. This figure is reproduced from Fig. 4 from (Gramotnev and Gramotnev, 
2005a) for the two different sets of scans from the same data set: (a) 11 scans (from 1 to 11); 
(b) 20 scans (from 19 to 38). 
Fig. 4. The dependencies of the moving average simple correlation coefficient, R, 
between channel concentrations and numbers of trucks (curve 1) and cars (curve 2) on 
particle diameter. The moving average correlation coefficients are calculated for (a) the first 
set of 11 scans (scans from 6 to 16); (b) the second set of 16 scans (scans from 28 to 43). 
Fig. 5. The dependencies of the moving average canonical correlation coefficients on 
particle diameter. Group A: channel particle concentration (one variable). Solid thick curve: 
five variables in group B – temperature, humidity, solar radiation, number of trucks, and 
number of cars. The other three curves correspond to group B with just four variables: (1) 
without the number of trucks, (2) without the number of cars, (3) without the solar radiation. 
(a) The dependencies for the first set of 11 scans (scans from 6 to 16). (b) The dependencies 
for the second set of scans (scans from 28 to 43). Straight horizontal lines indicate the 95% 
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levels of confidence when group B contains all five variables (solid lines), and for groups B 
with just four variables (dash-and-dot lines). 
Fig. 6. Moving average canonical weights (solid curves) and loadings (dotted curves) 
for trucks in group B with the five variables: temperature, humidity, solar radiation, number 
of trucks, and number of cars. (a) The dependencies for the first set of 11 scans (from 6 to 
16). (b) The dependencies for the second set of scans (from 28 to 43). The dashed horizontal 
lines indicate the 95% level of confidence for the loading curves. The horizontal solid line 
corresponds to zero. The typical errors of the curves for the moving average canonical 
weights (solid curves) are ~ ± 0.1. 
Fig. 7. Moving average canonical weights (solid curves) and loadings (dotted curves) 
for cars in group B with the five variables: temperature, humidity, solar radiation, number of 
trucks, and number of cars. (a) The dependencies for the first set of 11 scans (from 6 to 16). 
(b) The dependencies for the second set of scans (from 28 to 43). The dashed horizontal lines 
indicate the 95% level of confidence for the loading curves. The solid horizontal line 
corresponds to zero. The typical errors of the canonical weights (solid curves) are ~ ± 0.1. 
Fig. 8. Moving average canonical weights (solid curves) and loadings (dotted curves) 
for temperature in group B with the five variables: temperature, humidity, solar radiation, 
number of trucks, and number of cars. (a) The dependencies for the first set of 11 scans 
(from 6 to 16). (b) The dependencies for the second set of scans (from 28 to 43). Straight 
dashed horizontal lines indicate the 95% level of confidence for the loading curves. The 
dash-and-dot horizontal line corresponds to zero.  
Fig. 9. Moving average canonical weights (solid curves) and loadings (dotted curves) 
for solar radiation in group B with the five variables: temperature, humidity, solar radiation, 
number of trucks, and number of cars. (a) The dependencies for the first set of 11 scans 
(scans from 6 to 16). (b) The dependencies for the second set of scans (scans from 28 to 43). 
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Straight dashed horizontal lines indicate the 95% level of confidence for the loading curves. 
The dash-and-dot horizontal line corresponds to zero.  
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 Scans 6 – 16 (1st set) Scans 28 – 43 (2nd set). 
Wind direction (degrees to the road) 50 ± 20 20 ± 20  
Wind speed (ms-1) 2.4± 0.2 2.6 ± 0.8  
Normal component of the wind 
velocity, v⊥ (ms-1) 
1.7 ± 0.16 1.0 ± 0.2 
 
Parallel component of the wind 
velocity, v|| (ms-1) 
1.7 ± 0.2 2.3 ± 0.8 
 
Solar radiation (Wm-2) 800 ± 40 530 ± 70 
Humidity (%) 30 ± 2 36 ± 1 
Temperature (°C) 28 ± 1 27 ± 1 
Total number concentration (cm-1) 22.6×103 39×103 
Heavy-duty trucks (hour-1) 800 ± 200 790 ± 140 
Cars (hour-1) 3800 ± 400 4800 ± 500 
 
Table 1. Average meteorological and traffic conditions together with their standard deviations for the 







Fig. 1. Particle size distributions and their errors of the mean for the first set of 11 scans (light band) 
and the second set of 16 scans (dark band), obtained using the moving average technique, and 







Fig. 2. The dependencies of the moving average correlation coefficient, R, between the particle 
concentrations in neighbouring channels on particle diameter; the bands represent the associated 
standard errors of the mean. The moving average correlation coefficients are calculated over (a) the 







Fig. 3. The dependencies of the moving average correlation coefficient, R, between the 
particle concentrations in neighbouring channels on particle diameter with their standard errors of the 
mean. This figure is reproduced from Fig. 4 from (Gramotnev and Gramotnev, 2005a) for the two 






Fig. 4. The dependencies of the moving average simple correlation coefficient, R, between channel 
concentrations and numbers of trucks (curve 1) and cars (curve 2) on particle diameter. The moving 
average correlation coefficients are calculated for (a) the first set of 11 scans (scans from 6 to 16); (b) 





Fig. 5. The dependencies of the moving average canonical correlation coefficients on particle 
diameter. Group A: channel particle concentration (one variable). Solid thick curve: five variables in 
group B – temperature, humidity, solar radiation, number of trucks, and number of cars. The other 
three curves correspond to group B with just four variables: (1) without the number of trucks, (2) 
without the number of cars, (3) without the solar radiation. (a) The dependencies for the first set of 11 
scans (scans from 6 to 16). (b) The dependencies for the second set of scans (scans from 28 to 43). 
Straight horizontal lines indicate the 95% levels of confidence when group B contains all five 






Fig. 6. Moving average canonical weights (solid curves) and loadings (dotted curves) for trucks in 
group B with the five variables: temperature, humidity, solar radiation, number of trucks, and number 
of cars. (a) The dependencies for the first set of 11 scans (from 6 to 16). (b) The dependencies for the 
second set of scans (from 28 to 43). The solid horizontal lines indicate the 95% level of confidence 
for the loading curves. The horizontal dash-and-dot line corresponds to zero. The typical errors of the 






Fig. 7. Moving average canonical weights (solid curves) and loadings (dotted curves) for cars in 
group B with the five variables: temperature, humidity, solar radiation, number of trucks, and number 
of cars. (a) The dependencies for the first set of 11 scans (from 6 to 16). (b) The dependencies for the 
second set of scans (from 28 to 43). The solid horizontal lines indicate the 95% level of confidence 
for the loading curves. The dash-and-dot horizontal line corresponds to zero. The typical errors of the 






Fig. 8. Moving average canonical weights (solid curves) and loadings (dotted curves) for temperature 
in group B with the five variables: temperature, humidity, solar radiation, number of trucks, and 
number of cars. (a) The dependencies for the first set of 11 scans (from 6 to 16). (b) The 
dependencies for the second set of scans (from 28 to 43). Straight solid horizontal lines indicate the 





Fig. 9. Moving average canonical weights (solid curves) and loadings (dotted curves) for solar 
radiation in group B with the five variables: temperature, humidity, solar radiation, number of trucks, 
and number of cars. (a) The dependencies for the first set of 11 scans (scans from 6 to 16). (b) The 
dependencies for the second set of scans (scans from 28 to 43). Solid horizontal lines indicate the 
95% level of confidence for the loading curves. The dash-and-dot horizontal line corresponds to zero.  
 
 
